The relative importance of survey-based, VAR-based or myopic expectations is evaluated in accounting for US inflation dynamics in a New Keynesian Phillips Curve (NKPC) setting. Our contribution is three-fold. First, we estimate the NKPC with both final and real-time vintage data in order to control for large revisions in the real GDP data. Second, we distinguish between two different series for VAR-based inflation forecasts -derived by a recursive or rolling-window method -to account for changes in the conduct and transmission mechanisms of US monetary policy after World War II. Third, joint restrictions are tested in the NKPC to assess whether one of the expectational variables is able, on its own, to capture inflation dynamics. On a statistical basis, we find that there is no clear-cut winner between VAR-and surveybased inflation expectations. Most of our estimated NKPC variants conclude that survey inflation expectations tend to have the largest numerical weight. Nevertheless, the difference between VAR-and survey-based expectations' estimated coefficients is not statistically significant. Moreover, myopic expectations do not play any significant role in the majority of the estimated NKPC variants.
Introduction
Expectations play a fundamental role in the study of inflation dynamics in the New Keynesian framework (see for instance Roberts, 1995; Gali and Gertler, 1999) . According to this strand of research, inflation depends on a measure of economic activity (usually marginal costs or the output gap) as well as expected inflation. That said, the nature of expected inflation remains a contentious issue. Typically, New Keynesian models are based on the rational expectation hypothesis which posits that economic agents' expectations correspond to the model-implied forecasts. 1 .
Despite the popularity and theoretical appeal of the rational expectations hypothesis, some studies 2 challenge its relevance because New Keynesian models based on this assumption cannot replicate key inflation dynamics such as persistence and the cost of disinflation. A number of papers, such as Roberts (1997) or Mavroeidis et al. (2014) , show that rational expectations-based New Keynesian monetary models require ad hoc extensions such as consumption habit formation, investment adjustment costs, variable capital utilization, autocorrelated shocks as well as wage and price-setting decisions indexation to past inflation to capture key inflation dynamics properties. Yet, there seems to be no microeconomic relevance to these extensions, as extensively documented in Milani (2012) . Similarly, the rational expectations hypothesis suggests that all economic agents share the same information set and have the same model-consistent expectations. However, this assumption is at odds with studies from e.g. Mankiw et al. (2003) or more recently Andrade and Le Bihan (2013) and Coibion et al. (2017) , which all point out that economic agents form (HAVE ?) heterogeneous expectations.
In the following, rational expectations will in general refer to theoretical model-based expectations. Nevertheless, it is worth noticing that some authors, like for instance Fuhrer (2012) ; Fuhrer and Olivei (2010) , use the same terminology to designate a PAS DE TIRET theoretical model-based -typically VAR-based -expectation. Indeed, as advocated by Fuhrer (2012) , " (...) vector autoregressive equations allow us to form rational expectations of inflation without imposing further structure on the model." (p.146) Some studies show that once the rational expectations hypothesis is replaced by an alternative expectations scheme such as adaptive learning by economic agents, as in Milani (2007) , or by inflation forecasts from surveys as in Fuhrer (2017) , ad hoc extensions become redundant and the resulting model closely emulates empirical inflation properties.
It is against this backdrop that a line of research seeks to evaluate the relative contribution of various expectations formation schemes, such as rational or VAR-based, survey-based and myopic schemes, in explaining US inflation dynamics, within the New Keynesian Philips Curve (NKPC hereafter) framework. As will be seen in the next section, the conclusions are at best mitigated, if not contradictory. Our paper contributes to this strand of research, but departs from existing work in three directions.
Firstly, to our knowledge, our paper is the first one to use real-time data in this empirical literature. Secondly, special care is taken for the computation of VAR-based proxy of rational inflation expectations so as to accommodate the major changes which occurred since World War II in the conduct and propagation mechanisms of the U.S. monetary policy. More specifically, our empirical analysis will be conducted using both rolling and recursive computations of these expectations. Thirdly, by contrast with previous empirical studies, we proceed with systematic joint hypothesis tests to assess whether a mix of the VAR-based, survey and/or myopic expectations is needed or if only one of them is enough to capture inflation dynamics.
Our main finding is that VAR-based and survey inflation expectations contribute significantly to inflation dynamics. Using final vintage data, their relative contributions to inflation dynamics depends on whether recursive or rolling-window VAR-based inflation forecasts are used. On the contrary, estimations using real-time data consistently show that survey inflation expectations have the largest weight. However, estimates of VAR-based and surveybased inflation expectations contributions are not significantly different from each other: Our tests generally cannot reject the null hypothesis that both expectation variables estimated weights are equal. Hence, contrary to the conflicting outcome of existing studies 3 , we cannot conclude that any one of the two types of forward-looking inflation expectations is enough on its own to capture inflation dynamics in the NKPC framework. Finally, myopic (i.e. backward-looking) inflation expectations mostly do not play any significant role in explaining US inflation dynamics.
The remainder of the paper is structured as follows: Section 2 offers a short overview of the recent related literature. Section 3 discusses the data and methodology while Section 4 presents the results. Section 5 concludes.
3 See next section.
2 Related literature
A few decades ago, studies seeking to compare the relevance of different types of inflation expectations schemes used to consider separately the various types of forward-looking expectations -one at a time -in the NKPC inflation equation and assessed the ability of the corresponding model to capture inflation dynamics (see for example Roberts, 1995) .
The strand of research investigating the relative contributions of various expectations schemes to US inflations dynamics is relatively new. It aims at bringing together different practices of benchmarking various measures of inflation expectations in the NKPC literature. Basically, the following hybrid formulation of the NKPC equation featuring heterogeneous inflation expectations is considered:
where π t is the inflation rate, E t π t+1 is the model-consistent (i.e. rational or VAR-based) expectation of inflation in period t + 1, formed in period t, S t π t+1 is the one-period-ahead inflation survey forecast as reported in period t, mc t is a measure of marginal costs and u t is a disturbance term. Given that forward-looking inflation expectations are unobservable, different studies use different proxies. Mainly, three ways are used to circumvent the non-observability of expectations: (1) substitute inflation expectations for realized inflation and use instruments -the so-called Generalized Instrumental Variables (GIV) approach; (2) use a Vector Auto-Regression (VAR hereafter) model to derive inflation expectations; (3) use direct measures of inflation expectations obtained from surveys (Mavroeidis et al., 2014) . These three methods are featured in studies that investigate the relative contributions of different expectations schemes (e.g. rational, survey and myopic) in explaining US inflation dynamics in the NKPC framework (see for example Nunes, 2010; Fuhrer and Olivei, 2010; Fuhrer, 2012) .
In this literature, forward-looking inflation expectations are composed of both rational inflation expectations -which are not observable -and survey counterparts. To deal with unobservable expectations, Nunes (2010) uses the GIV approach. On the other hand, Fuhrer and Olivei (2010) and Fuhrer (2012) derive rational inflation expectations from a reducedform VAR model. These studies methods, data and results are summarized in Table 1 . Notes: Figures in bold denote significant coefficients at the 5%. π t : inflation rate; E t π t+1 : inflation rational expectations; β e and β s : coefficients pre-multiplying the rational and survey expectations variables, respectively; β m : lagged inflation parameter. β s = 1 − β e and β m = 1 − β e − β s . Standard errors are in ( ). "SPF": Survey of Professional Forecasters; "TI": trend inflation; "CS": Cogley-Sbodorne; "n.a": not available.
Based on NKPC estimations featuring both rational and survey expectations, Nunes (2010) finds weak evidence in favor of survey expectations but strong evidence in favor of rational expectations in explaining inflation dynamics: while the maximum estimated weight found for the former (β s ) is 0.22, it ranges from 0.56 to 0.96 for the latter (β e ), depending on the model and on the proxy chosen for the marginal cost in the NKPC, Equation (1). However, this argument clashes with Fuhrer and Olivei (2010)'s finding that the role of survey expectations slightly dominates that of rational counterparts: Depending on the period considered, these authors find a contribution of survey expectations ranging from 0.2 to 0.4 while the one of rational expectations is always 0.2. In the same perspective, Fuhrer (2012) finds overwhelming evidence that survey expectations play a more important role than (VAR-based) rational counterparts in inflation dynamics explanation. The myopic expectations contribute significantly in half the cases. All in all, columns labelledβ e andβ s in Table 1 emphasize that the relative contributions of rational and survey-based inflation expectations in explaining inflation dynamics is still debated. Furthermore, the column labelled E t π t+1 denoting inflation rational expectations, reveals that there is no consensus in this literature regarding the ideal proxy for rational inflation expectations.
Data and Methodology
In the NKPC Equation (1), the model-consistent inflation expectations and the marginal cost variables are not directly observable. Hence, they need to be proxied. There are almost as many different flavors of NKPC estimated equations as empirical contributions to this literature, since the latter use different proxies for the marginal cost and/or model-consistent inflation expectations. In this section, we first describe the data used to build these proxies and then present the methodology retained for the NKPC estimation.
Data
Real-time output gap: In this study, the output gap is used as a proxy for marginal costs in the NKPC Eq.(1). Our benchmark analysis relies on final vintage (FV hereafter) data, that is, the most up-to-date data for the real GDP. However, real GDP data are submitted to large revision every quarters for years. Hence, using final vintage of observations to compute the output gap used in the VAR and the NKPC equation could be misleading. To compute the inflation expectations recursively from 1981Q3 on, one would rather use the observations that 6 were available back then. Indeed, Koenig et al. (2003) and Clements and Galvão (2013) argue that the use of the latest available vintage data leads to an overestimation of independent variables' power to predict the dependent variable. As such, the authors advocate the use of real-time data. Furthermore, data revisions have been shown to have an impact on economic agents' expectation formation as well as the conduct of monetary policy and the response of policy to uncertainty (see Croushore and Stark, 2001 , for a review). Hence, the Philadelphia Fed's real-time database is used to extract real-time data for the real GDP. This database consists of quarterly snapshots or "vintages" of key macroeconomic variables. A vintage refers to data series on a variable as it appeared to an analyst at a specific point in time. For any given vintage date, the series are exactly those an analyst would have observed in published sources at that particular date (see Table A1 in the Appendix). To illustrate this, for each vintage at time t (in quarters), the series runs from 1947Q1 to time t − 1. The combination of different vintages forms a real-time dataset. The first vintage date in the real-time database is 1965Q4. The Philadelphia Fed's real-time dataset comprises data as they appeared in the middle of each quarter. In fact, the timing of the real-time dataset was set so as to match the timing of the Survey of Professional Forecasters (Croushore and Stark, 2001) . Hence, at every date within the sample, we use the most up-to-date available estimate for the variable. For instance, in 1981Q4, the most up-to-date estimate is the first release of the 1981Q3 value of real GDP. This entails using the vector of diagonal elements of the real-time database as the real-time vintage (RTV hereafter) series for a variable.
For different vintages of output would correspond different vintages of the output gap. In other words, the final vintage output gap data does not correspond with the ones forecasters used in forming expectations in the past. Unfortunately, the potential output is not observable and no real-time measure of it is available to our knowledge. Hence, it needs to be estimated. There exists a number of estimation approaches for the potential output in the academic literature, but there is still no consensus on which approach yields the best estimate of it. Here, inspired by the paper of Guisinger et al. (2018) , we have compared two methods for extracting the potential output: the quadratic trend and the Hodrick and Prescott filter. Then, using final vintage data, we have compared these series based on both methods to the Congressional Budget Office (CBO) official measure of the potential output which is not available in real-time vintage to our knowledge. As a result, it turned out that the HP filter was more correlated to the CBO measure than the nonlinear trend measure. Consequently, we have carried out all the subsequent estimations using the HP-filtered measure of potential output.
Model-consistent expectations: As a matter of fact, the computation of the empirical counterpart of the so-called rational expectations is far from reaching a consensus among macro-economists. As stressed in the Introduction, even the terminology regarding expectations computation is still unsettled: Fuhrer (2012) proxies the rational expectations by VAR-based forecasts while, for instance, the Federal Reserve Bank's model of the US economy clearly distinguishes rational expectations from VAR-based expectations (see Brayton et al., 1997 ).
Yet, Nason and Smith (2008b) argue that the many difficulties in estimating and testing the NKPC can be traced back to the fact that inflation expectations are unobservable. Morever, Fuhrer and Olivei (2010) point out that the model-consistent nature of rational expectations poses a difficulty when the model does not match key features of the economy.
Given the significant costs of accessing all the information as well as elaborating a model that mimics the economy's complex structure, agents may opt for limited information (a small set of key macroeconomic variables) and a forecasting model that closely represents the economic environment but does not capture the complexity of the economy. This approach motivates the use of VAR-based expectations (Brayton et al., 1997; Branch, 2004; Fanelli, 2008b,a; Fanelli and Palomba, 2011; Tulip, 2014) . Here, following the Fed's model of the US economy described in Brayton et al. (1997) , a small unrestricted VAR model is used, consisting of an equation for each of the output gap, the inflation rate and the Federal Funds rate. Let X t = (ỹ t , π t , i t ), whereỹ t is the output gap, π t is the inflation rate and i t is the Federal Funds rate (nominal interest rate). The following VAR system is considered:
where P j (j = 1, . . . , ) are n × n matrices of parameters, is the lag length, and ξ t is a white-noise error with covariance matrix Σ ξ . All the data in X t come from the Federal Reserve Bank of St. Louis' FRED online database. The sample starts in 1954Q3 due to the effective Federal Funds rate (i t ) availability and ends in 2017Q4. Using quarterly US data, we compute the output gap asỹ = 100 × (y t −ȳ t ); where y t andȳ t are the logs of real GDP and potential GDP, respectively. The inflation rate is given by π t = 400 × (p t − p t−1 ), where p t is the log of the consumer price index (CPI). The output gap is stationary by construction and Augmented Dickey-Fuller tests applied to π t and i t reject the unit root null at the 5%-level in both cases 4 . Hence, the vector X t is stationary.
First, the VAR model given in Equation (2) is estimated over the full sample, that is 1954Q3-2017Q4. In order to choose the number of lags, , the Lagrange Multiplier test for no serial correlation in residuals is sequentially implemented for the VAR( )'s residuals, ∀ = 1, 2, . . . 8): the smallest lag order for which the residuals are serially uncorrelated up to order 8 is selected. The chosen lag order, sayˆ , is kept as a key feature of the DGP. Next, the VAR(ˆ ) model is estimated over the period 1954Q3-1981Q2 (i.e. the quarter just before the survey inflation forecasts data is available).
The one-step-ahead VAR inflation expectations are computed recursively over the remaining part of the sample (1981Q3-2017Q4). By doing so, our measure of inflation expectations begins exactly at the same quarter as the survey forecasts. Given the possibility of major changes in the monetary policy over our sample, for instance moving from the Great Inflation period to the Great Moderation one, VAR-based inflation forecasts computed on a rolling window basis are also considered. Each window spans 134 quarters, starting from 1954Q3-1981Q2 and ending in 1991Q1-2017Q4.
Survey-based expectations: The survey-based expectations data used in this paper come from the Federal Reserve Bank of Philadelphia Survey of Professional Forecasters (SPF) which is available online. This quarterly survey is conducted among private-sector economists who share the specificity that forecasting macroeconomic variables is a key part of their work. Its outcomes are released at the end of the middle month of a given quarter.
A key feature of the survey is that it is anonymous so as to ensure that forecasters do not feel compelled to adapt to the consensus forecast (see Croushore, 1993) . We use the median CPI inflation survey forecasts. 5 Following e.g. Fuhrer (2012) , the four-quarter-ahead inflation survey forecasts are used in the NKPC. As emphasized by this author, theoretical models of inflation do not explicitly consider relative price variation. However, in practice, forecasters usually take into consideration relative price variations (food, energy and import prices) when forecasting one-quarter-ahead inflation. Hence, using the four-quarter-ahead inflation expectations rather than one-period-ahead inflation forecasts addresses this issue to some extent. Indeed the four-quarter-ahead inflation forecasts series is smoother than its one-quarter-ahead analogue (see Figure A1d in the Appendix). Although the starting date of the SPF is 1968, the CPI forecasts are included in the survey only since 1981Q3. This explains why the estimation of the NKPC equation featuring survey inflation expectations cannot start before this date.
Estimation of the NKPC
To assess the relative importance of different schemes of inflation expectations in explaining inflation dynamics, we consider a specification of the NKPC featuring heterogeneous expectations, that is, a combination of survey, VAR-based as well as myopic (i.e. lagged) inflation expectations. The various specifications of the NKPC considered are nested in the following version of Equation (1):
where E t π t+1 is time t VAR-based forecast of inflation in period t + 1 and S t π t+4 is the t + 4 inflation survey forecast as reported in period t.
We restrict parameters pre-multiplying expectational variables to sum up to one, such that β var + β s + β m = 1 throughout the empirical analysis. This restriction is in the spirit of a strand of the literature where a fraction of firms sets prices by relying on either modelconsistent, survey or myopic inflation expectations (Nunes, 2010) . In addition, we consider two versions of the NKPC model: (1) the purely forward-looking model where β m is set to zero, and (2) the so-called hybrid one where β m can be different from zero, allowing for a fraction of firms to form myopic expectations.
Given that there are endogeneity issues as well as measurement errors due to the estimation of unobservable variables (VAR-based expectations and output gap) in the NKPC equation, it will be estimated using the method of Generalized Instrumental Variables, a special case 6 of the Generalized Method of Moments (GMM). According to this method:
which means that its residuals should have a zero mean and be orthogonal to the instruments contained in Z t . The instruments set used here is in the spirit of Gali et al. (2005) and Nunes (2010) . It consists of four lags of inflation, two lags of each regressor as well as wage inflation and labor share 7 . The estimation method is the continuously-updated GMM (here equivalent to GIV) with Newey-West weight matrix and Bartlett bandwidth selection. The estimation sample period is 1982Q3-2017Q4. Mavroeidis et al. (2014) (and references therein) argue that weak identification is prevalent in the NKPC since it is difficult to forecast changes in inflation. Hence, lagged instruments would be close to irrelevant. As such, inference relying on the J-test for overidentifying restrictions may be misleading. Therefore, weak identification of the NKPC has to be handled with robust inference methods, which remain valid under weak identification, (Dufour et al., 2006; Nason and Smith, 2008a,b; Mavroeidis et al., 2014) . One such method is the Anderson and Rubin (1949) test.
Following Nason and Smith (2008b) , we illustrate how inference on a given parameter of the NKPC can be carried out. For this purpose, let us consider the parameter pre-multiplying the survey inflation forecast (β s ), and rewrite Equation (3) as:
where V t represent a list of v supplementary variables and γ is a (1 × v) vector of parameters. In our case, V t contains the same variables as the instrument set. To compute the left-hand side variable of the equation, we should pick a value β s0 for β s . Testing the hypothesis that β s = β s0 involves performing the standard F -test of the hypothesis that the variables in V t are all insignificant, that is, Γ = 0. The reasoning is that if β s0 is the true value for β s , then (i) the main regressors in the NKPC will generate the dynamics of π t and (ii) the residuals will not exhibit any systematic pattern due to the inclusion of supplementary variables V t in the regression (Nason and Smith, 2008b) . Using a range of values between 0 and 1 for β s0 , Equation (5) is estimated. 8 For each round of estimation, both the F -statistic of the null that the parameters pre-multiplying the supplementary variables are zero, and its associated p-value are collected. All values of β s0 associated with p-values greater than 5% do not reject the null. Consequently, the boundaries of the interval over which these p-values are greater than 5% define the 95% confidence interval for the estimated value of β s in the above example. Of course, the same applies to all estimated coefficients of the NKPC equation.
Results
Following the lines described in subsection 3.1, a lag order of six is retained for the VAR model given in Equation (2). Figure A2 in the Appendix shows the VAR-based inflation expectations series. Figures A2a and A2b show the VAR-based inflation expectations obtained by the recursive forecasting approach using final and real-time vintage data, respectively. Similarly, Figures A2c and A2d plot VAR-based inflation expectations from the rollingwidow forecasting approach. Next, Figure A3 in the Appendix displays the HP filter-based real time vintage output gap series, along with the final vintage measure obtained using official data on potential output from the CBO. Given the choice between (i) final and real-time vintage data, (ii) recursive and rollingwindow estimation for the VAR-based forecasts, and (iii) hybrid and purely forward-looking (i.e. without myopic inflation expectations) model, eight variants of the NKPC are estimated. Table 2 presents the results. The first (respectively last) four columns correspond to final (resp. real-time) vintage data. Columns (a), (c), (e) and (g) report the estimated parameters for hybrid NKPC models while columns (b), (d), (f ) and (h) show purely forward-looking NKPC models' estimates.
For all models, the J-test for over-identifying restrictions, bottom line of Table 2 , is associated with a large p-value. Hence, the restrictions are valid. However, in this framework of the NKPC estimated by GIV, inference may be misleading due to prevalence of weak identification. For this reason, we also report in Table 2 the 95 percent robust confidence intervals obtained from the Anderson and Rubin (1949) test. These intervals remain valid regardless of whether identification is weak or not. In general, point estimates fall within the boundaries of the confidence intervals. However, there is a lot of uncertainty as the intervals are very wide and always include zero (except for the survey inflation expectations' estimate). This corroborates findings in the literature that confidence sets for the NKPC model's parameters tend to be wide and contain zero, see for example Dufour et al. (2006) or Nason and Smith (2008b) and the references therein.
A quick glance at the results reveals that in six out of the eight estimated models, the parameter pre-multiplying the survey inflation expectations variable (β s ) has the largest weight (ranging between 0.58 and 0.7) and is statistically significantly different from zero, using the robust confidence intervals. The two exceptions are the NKPC models estimated using final vintage data and the rolling-window VAR-based inflation forecasts. In this instance, the estimated coefficient for survey inflation expectations is aound 0.45, while the coefficient for VAR-based inflation expectations (β var ) ranges between 0.54 and 0.6.
All in all, it can be seen that estimations of the NKPC using final vintage data yield different conclusions depending on the methods used to derive VAR-based inflation expectations. It is also worth noting that in the case of real-time vintage data, the estimated parameter for survey inflation expectations has the largest weight regardless of which type of VAR-based inflation forecasts variable used.
Except for the case corresponding to the NKPC model estimated with real-time data and recursive VAR-based inflation expectations, the coefficient pre-multiplying the myopic inflation expectations variable (β m ) is not statistically different from zero. While the weight of the myopic inflation expectations parameter is very close to zero when the NKPC equation is estimated from final vintage data, it turns out to be roughly 0.2 in the models estimated with real-time data. Finally, the coefficient for the output gap (γ) is never significantly different from zero: This variable does not contribute significantly to the US inflation dynamics. Table 3 reports Wald tests statistics (and their p-values) of hypotheses of interest on NKPC parameters estimates. Practically, there appears to be no statistically significant difference between the weights of survey and VAR-based inflation expectations, as confirmed by the third and sixth lines of this table. Except for one case (hybrid NKPC model estimated with real-time data and recursive VAR-based inflation forecasts), the hypothesis of equality between the VAR-based and survey inflation expectations cannot be rejected at the 5%-level. As such, these tests suggest that VAR-based and survey inflation expectations are equally relevant and important in explaining US inflation dynamics in the NKPC framework. Then, the hypothesis that only VAR-based inflation expectations matter is strongly rejected at the 5%-level across all models (first and fourth lines of Table 3 ). The same applies for survey inflation expectations (second and fifth lines).
As a robustness check of these findings, all variants of the NKPC model are estimated using four-quarter-ahead VAR-based inflation forecasts instead of one-quarter-ahead ones. In this fashion, VAR-based inflation expectations match the horizon of survey counterparts used in the study. Tables 4 and 5 generally confirm our conclusions.
As shown in Table 4 , survey inflation expectations generally tend to have larger weights than VAR-based expectations. Nonetheless, both expectation measures are statistically equivalent in most cases (see Table 5 , third and sixth lines). The only difference with the main results is the case corresponding to the use of real-time data in the estimation: There, the hypothesis that only survey inflation expectations matter in explaining US inflation dynamics cannot be rejected.
Similar to the main findings, Table 4 shows that the overidentifying restrictions are valid based on the J test. Also, Anderson and Rubin (1949) 95% weak identification-robust confidence intervals are wide and they contain the point estimates in most cases. Again, they do not contain zero for the survey inflation expectations estimate in six out of eight models. On the other hand, they consistently contain zero for other expectational variables across all models.
Concluding remarks
Using both final and real-time vintage data, we assess the relative contributions of VARbased, survey-based and myopic inflation expectations in the NKPC. The computation of VAR-based inflation expectations data accommodates major changes in the conduct and propagation mechanisms of the U.S. monetary policy which occurred since World War II using recursive and rolling-widow forecasting methods. We find that VAR-and surveybased inflation expectations contribute significantly to inflation dynamics and statistically speaking, point estimates of these inflation expectations coefficients are not significantly different from each other: The null hypothesis H 0 : β var = β s is almost never rejected at the 5%-level. Contrarily to the conflicting outcomes in the literature (Nunes, 2010; Fuhrer, 2012) , we conclude that none of the two types of forward-looking inflation expectations is able, on its own, to capture inflation dynamics in the NKPC. Moreover, myopic inflation expectations play very little role, if at all, in explaining inflation dynamics. Even though our inflation data seems to be stationary for the samples under scrutiny in this paper, this variable is known for its strong persistence. For this reason, Cogley and Sbordone (2008) have suggested to introduce trend inflation among the explanatory variables in the NKPC equation (see also Stock and Watson (2007) ; Nason and Smith (2016) ; Cecchetti et al. (2017) ; Eusepi and Preston (2018) ; Forbes et al. (2019) ). Although very appealing, this extension has the drawback that this extra right hand side variable is not observable, and as such, it is not so convenient to implement. Nonetheless, the inclusion of such a trend inflation variable in the NKPC is on our research agenda.
